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Abstract

Due to the strong heterogeneity and complex pore structure of beach carbonate reservoirs, the in-
terpretation of logging physical parameters has always been a difficulty and focus of research. The
current research mainly focuses on the establishment of interpretation models for different rock
physical phases and pore structures through special data such as core, imaging logging, and nuclear
magnetic resonance, combined with new technologies such as machine learning to achieve fine cal-
culation and effectiveness evaluation of reservoir parameters. The traditional AC-POR prediction
method is difficult to accurately explain the porosity of the reservoir. In order to accurately under-
stand the porosity and permeability of the reservoir in the Fei-3 Member of the JN Block and more
accurately evaluate the oil content and productivity of the reservoir, this paper is based on data
from mud logging and testing. Using AC, GR, DEN and other logging data, through machine learning
regression method (LightGBM model regression and gradient boosting decision tree (GBDT)), the
porosity and permeability of the Fei-3 Member of the JN Block are explained and simulated, which
significantly improves the accuracy of logging parameter prediction. The results demonstrate that
the machine learning models significantly improve the prediction accuracy of logging parameters
compared to conventional methods, providing a reliable foundation for reservoir evaluation and
development in the Fei-3 Member of the JN Block.
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Figure 1. Regional tectonic location map of JN block (According to Liang Xiwen, 2021 modified)
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Figure 2. The AC-POR diagram of the Fei-3 member in the JN block
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4.1.1. LightGBM LRI

(1) EFEHEE

LightGBM 5| N E 7 I BE, ¥ ESAHMEE RSBy “BH M7 , BT &5 TR L —.
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7 [23]0 A RN 2 -5 S MO HUE I T SR N R R B, SR IR T R IR S Y
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(2) A R MR B3 A (Leaf-wise) SR EE

TR SFER R T SR AT 42 2 A K (Level-wise) 5 3% A K (Leaf-wise) Al (5 1) 4% A2 K S8 ANTR 15
REZT A, AHE B S 8 4 FE AN o Ak RS AR BT 0, AR AR KR R 25 Y A [21]

Table 1. Comparison of leaf-by-leaf and layer-by-layer growth characteristics
1 BEKEREE KRR

R o A K (Leaf-wise) 152 4 K (Level-wise)
A B IR 53 2418 86 B K IR A BRIy RPN T R
W41 EXIFR, IREERTRETE R xR, BRI SG
TR B (D TUAR TS A (7538 3 P 4% )

WAF 5 AR B
&5 REHEEE . RHE4ERE = NEHESE . TR EPAT A A
T DA IR BUE (RIS ) B

4.1.2. LightGBM &8 g3
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(3) MEAEIEFRITEL: T R2(ABTT2). MAE (CFI40H52) . RMSE (75 1R 1% 2) & 56 k5 . 2T
IS ESERU B FeE AR, KRB RF R .

(4) FRAEREZMESHT: Yt LightGBM FIFFAE EEMHET, 301 AC. GR X FLEGEE (1 Tk & 51 &
Hb R
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(3) 1 CART(Classification and Regression Tree) [al AR &, LI 435 £ X3 Cy, 58 X 48k i F A
WA By SRILLRI 10, RIS f, (x,) -
(4) i h 2R

F(x)= median(Y)+ZK:ZJ:ﬂjk-77 4)

5. MHMERRRWE
5.1 iEEFLIRERRRE

—HSHME—TE

1 2 3 4 5 6 8§ 9 10 11 12 13 14 15

7
A=
Figure 3. LightGBM porosity regression model training set sample comparison chart
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Figure 4. LightGBM porosity regression model test set sample comparison diagram
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Figure 5. Comparison of training set samples of gradient boosting tree permeability regression model
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Figure 6. Comparison chart of test set samples of gradient boosting tree permeability regression model
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Figure 7. Comprehensive histogram of logging interpretation model of the Fei-3 member in Well J61
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Figure 8. Comprehensive histogram of logging interpretation model of the Fei-3 member in Well J25
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Table 2. JN block prediction method effect comparison
F= 2. IN XERFUM 75 £ R Xt b

S AC-POR %2221k LightGBM [l )53 S| GBDT [HlIH%
g REBCAUR gl gt o TR dtig o, BB miE dixbi aaxhs
B f LA [ ®ox oz %
m % % % % % % % mD mD mD %
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TIf 347692~
5 T 3092 1260 1836 0576 45706 1208 -0.052 4165 0.060 0069 0009 15493
TIf 3511.88~
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32 3268
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322 3304
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x 33 3839
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1 -
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32b 3300
XD TIf 322995 5007 1741 2106 -54747 3954 0107 2790 0165 0140 —0.025 15140
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35 320 43758
3 _
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322 44683
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